• Opioid-addicted individuals, and controls, performed an acquired equivalence task.
Introduction
Addiction can be thought of as a disorder in which addicted individuals continue to seek out and use the addictive substance despite negative consequences, such as loss of income and loss of the opportunity to engage in other activities [1, 2] . It is possible then that addiction is not merely about heightened reward-seeking, but rather an imbalance between the ability to adjust behavior to maximize reward while simultaneously avoiding punishment.
Of particular societal concern are the highly-addictive opioid drugs. Due to an increasing use of medically-prescribed opioid painkillers, accidental addiction to prescription opiate drugs is estimated to affect approximately 2 million people in the U.S. alone [3] , and abuse of these drugs often leads to use of illegal opiates such as heroin, once access to the prescriptions drugs is withdrawn. Opioid addiction is extremely difficult to overcome, even when the addicted individual strongly desires to stop using the drug, and there is a high relapse rate for individuals who have undergone detoxification treatment [4] . One option for individuals who have tried and failed to overcome opioid addiction is maintenance treatment, involving medically-supervised use of opioids such as methadone. However, a recent review of outcomes following maintenance therapy reported that, one month after discontinuation of treatment, rates of relapse to illicit opioid use exceed 50% [5] . Given these figures, it is of great importance to understand reinforcement-based learning processes in opioid-addicted individuals, in order to develop more effective therapies to aid these individuals in overcoming their drug dependence.
Opiate addiction and reward processes
Numerous prior studies have examined how opioids affect reward pathways in the brain [6] [7] [8] , including studies suggesting that opioid-addicted individuals are particularly impaired at temporal discounting tasks that require foregoing a small immediate reward in favor of a larger delayed reward [9, 10] . However, few studies have attempted to examine the balance between reward-based and punishment-based learning in opioid-addicted individuals, or how this learning might generalize when familiar stimuli are presented in new ways.
In a prior study, Myers et al. [11] used a categorization task that interleaved trials on which participants learned to avoid negative consequences (point loss) with trials on which they learned to obtain positive consequences (point gain). There was also an ambiguous "no-feedback" outcome, which could signal either missed opportunity for reward or else successful avoidance of punishment. The category mappings were probabilistic, such that a particular stimulus belonged to one category on 80% of the trials on which it appeared and to the other class on 20% of trials. Thus, expectancies were sometimes violated even for a subject who had learned the category mappings well. The optimal strategy was therefore to choose the most-often correct category for each subject ("probability maximizing"), and to continue to execute this strategy throughout the task, despite the occasional trials on which the response would fail to pay off. Results from this prior study showed that opiate-addicted individuals and never-addicted controls performed comparably in terms of total points accrued on the task. However, the addicted participants exhibited an increased tendency to shift response strategies after an unexpected loss (either a punishment or an omission of expected reward). In other words, the addicted group tended to "chase reward" by altering their response strategy whenever they experienced a negative outcome, while controls were more likely to "stick with" a stable response strategy that maximized long-term gain. However, another interpretation of the results is simply that opioid-addicted individuals were better at learning from punishment than controls, resulting in them being more able to adjust responding after a loss than controls. In the particular context of a probabilistic categorization task, this led to suboptimal behavior − but in a deterministic task, it might result in superior punishment-based learning.
The current task is designed to investigate this issue further, by considering a reward-and punishment-learning task where cue-outcome mappings are deterministic. If opioid-addicted individuals are simply better than controls at learning to adjust responding based on punishment, then they should similarly outperform controls on punishment-based trials in this deterministic task. On the other hand, if the results from the prior study were specifically due to the probabilistic nature of the task, then the opioid-addicted group might not outperform controls on a deterministic task. In addition, the prior study left open the question of whether learning would generalize in the same fashion in opioid-addicted and never-addicted groups, and if so, whether generalization was equivalent to stimuli that had previously been associated with reward versus those that had previously been associated with punishment.
To explore these questions, we adapted a widely-studied learning paradigm, acquired equivalence, in which prior training to treat two stimuli as equivalent increases generalization between them [12] [13] [14] . In one, widely-used version of the paradigm, participants learn via trial and error to pair each of several antecedents with a consequent; some antecedents are implicitly equivalent in the sense that they should be paired with the same consequent. Subsequently, a subset of antecedents are paired with new consequents. Prior work has shown that healthy controls reliably generalize this new learning, tending to pair equivalent antecedents with the same consequents, even though these pairings were never explicitly trained [15] .
Brain substrates of acquired equivalence
A computer-based version of acquired equivalence has previously been used to demonstrate qualitative differences in learning vs. generalization in a number of psychiatric and neurological patient groups (for review, see [16] . For example, the learning of stimulus-response pairs appears to depend on frontostriatal circuits, and is disrupted in individuals with frontostriatal dysfunction, such as patients with Parkinson's disease tested on normal dopaminergic medication [15, 17] , who show slow learning followed by successful generalization.
On the other hand, generalization appears to depend on medial temporal (hippocampal) function; thus, amnesic patients with bilateral hippocampal destruction [18] and nondemented elderly with hippocampal atrophy consistent with prodromal Alzheimer's disease (AD) [15] both spared learning followed by impaired generalization. Patients symptomatic for early (AD) show similar deficits on generalization, although they also show slower learning than age-matched controls, consistent with a more diffuse pattern of accumulating brain pathology in early AD [19] . Disrupted generalization on acquired equivalence tasks is also seen in other psychopathologies that commonly involve hippocampalregion volume reductions, including schizophrenia [20, 21] and post-traumatic stress disorder [22] .
Together, these studies suggest that the acquired equivalence paradigm provides a platform to dissociate frontostriataldependent associative learning from medial temporal-dependent generalization. Further evidence for this dissociation comes from functional neuroimaging (fMRI) studies in healthy young adults, which show a positive relation between caudate activity and performance on the initial feedback-based learning, while increasing activation in the hippocampus during training correlates with performance on subsequent generalization tests [23] .
The importance of the hippocampal region for generalization in the acquired equivalence paradigm is consistent with theories suggesting that the hippocampal region helps establish stimulus representations that support later flexible use of the learned information [24, 25] . On the other hand, the role of the basal gan-glia in stimulus-response learning during the training phase is consistent with theories that emphasize the role of the nigrostriatal dopamine system in habit learning and action selection. For example, reinforcement learning (RL) models assume that trialand-error learning results in the learner coming to choose actions that are expected to maximize reward and/or minimize punishment. Prediction error (PE), the difference between expected and experienced outcomes, is used to update the learner's expectations and guide action selection. A large body of single-unit neurophysiology implicates phasic dopamine signals in encoding PE during classical and instrumental conditioning [26] [27] [28] , with dopamine targets in the anterior striatum associated with reward-based PE estimates [29] , and anterior insula and dorsal striatum associated with punishment-based learning [30] .
Addiction is, at its core, a biological process that involves drugs of abuse acting on the brain. Addictive substances appear to exert their effects upon a core set of brain structures that include the structures implicated in reinforcement learning and generalization. Thus, many drugs of abuse (such as cocaine and amphetamines) act directly on dopamine receptors and dopaminergic neurons in the VTA, while others (such as heroin and opioid medications) act indirectly via opiate receptors that modulate dopamine function (for review, see Ref. [31] ). The hippocampal region is also rich in dopamine receptors [32] , and hippocampal functions, such as contextual processing, may play a key role in addiction and relapse, including an individual's response to drug-related cues and contexts [33] . Given that the basal ganglia and hippocampus play central roles in drug effects and drug addiction, the acquired equivalence paradigm has been examined in the context of substance abuse disorders.
One prior study considered long-term cocaine users, and found that they were worse than non-addicted controls during the learning phase -specifically, on learning to map familiar antecedents to new consequents -but subsequently unimpaired on generalization [34] . Conversely, abstinent individuals with a history of alcohol dependence showed the opposite pattern of spared learning but impaired generalization [35] . These results suggest that cocaine addiction may be more associated with hippocampal dysfunction while alcohol dependence may be more associated with basal ganglia dysfunction. However, acquired equivalence has not yet been considered in the context of opioid addiction. Given that opioids affect brain structures implicated in reinforcement learning, and also brain structures implicated in generalization, it is possible that opioid-addicted patients would show abnormalities on the learning and/or generalization components of the acquired equivalence task.
Objectives of the current work
The current study used a novel task variant that embeds aspects of both acquired equivalence and reward-based and punishmentbased training, as schematized in Table 1 . Thus, during training Stages 1 and 2, some antecedents (A, C) are associated with one consequent (X1) while other antecedents (B, D) are associated with a different consequent (Y1); thus A is implicitly equivalent to C and B is implicitly equivalent to D. Two antecedents (A, C) are used for reward-based training, meaning that correct responses are rewarded with positive feedback and point gain while incorrect responses receive no feedback or point gain; the other antecedents (B, D) are used for punishment-based training, meaning that incorrect responses are punished with negative feedback and point loss while correct responses receive no feedback or point loss. Thus, the no-feedback outcome is ambiguous, as it could signal either missed reward (for a reward-based trial) or successfully avoided punishment (for a punishment-based trial). Next (training Stage 3), some antecedents are paired with new consequents (A with X2 Table 1 Schematic of the acquired equivalence paradigm [15] . On each trial, an antecedent stimulus (A, B, C, or D) is presented with a pair of consequents (X1 vs. Y1, or X2 vs. Y2), and the subject selects the correct consequent for that antecedent. Note that no feedback is provided during the testing phase. Antecedents A and C (+) are used for "reward-based" trials, meaning that correct responses are rewarded with positive feedback and point gain while incorrect responses trigger no feedback or point gain; antecedents B and D (−) are used for "punishment-based" trials, meaning that incorrect responses trigger negative feedback and point loss while correct responses trigger no feedback or point loss. The "correct" response (consistent with acquired equivalence) for each test trial is underlined.
Training Phase
Testing Phase
All trained pairs, plus:
and B with Y2). Finally, subjects are tested (without feedback) on all trained pairs as well as on new pairs, to assess prior learning as well as generalization for both reward-and punishment-based associations, within and across subjects. The first question was whether, in this deterministic task, opioid-addicted participants would show facilitated punishmentbased learning, relative to control participants; the second question was whether, having learned the initial antecedent-consequent pairs, the opioid-addicted patients would generalize well, like cocaine users and patients with frontostriatal dysfunction, or generalize poorly, like hippocampal-damaged patients and alcohol abusers -and whether this would apply equally to the generalization of reward-based and punishment-based learning.
Materials and methods

Participants
The addicted group consisted of 33 opioid-dependent patients, recruited from the Royal Prince Alfred Hospital (RPAH) Drug Clinic Services. Inclusion criteria were heroin as principal drug of referral, current participation in methadone maintenance treatment, and educational level of at least 7 years. All patients were undergoing methadone treatment on an outpatient basis; most patients were tested between 9:30AM and noon, that is, within a few hours after receiving their daily methadone dose; thus patients were experiencing the acute actions of the drug. Daily methadone dosing was confirmed by clinic records. Prior heroin use was confirmed by urine drug screening at RPAH (by neurologists and medical registrars) before the commencement of methadone treatment. Subsequent use or non-use (of drugs other than methadone) was assessed via patient self-report during the testing session.
32 control participants, all of whom self-reported no current or past use/abuse of opioid drugs, were recruited from the community and Western Sydney University. Demographic information for each group is shown in Table 2 . The groups did not differ significantly in age (t(54.3) = 1.67, p = 0.101) or gender distribution (Fisher's Exact test, 2-sided, p = 0.310); there were no significant age differences between males and females, or between males and females in the two groups (ANOVA, all p > 0.05). However, the control group had significantly more years of education than the addicted group (t(63) = 8.91, p < 0.001); in fact, education ranged from 10 to 15 years in the control group (i.e. all had at least some secondary education and many had some college) but ranged from 7 to 13 in the addicted group (with 19 participants reporting fewer than 10 years of education). All but 2 patients in the addicted group reported cigarette use (ranging from 1 to 40 cigarettes per day). Most also reported mild alcohol use (e.g. social drinking) although 8 reported past problem drinking (>1 year) and 2 reported current heavy alcohol use. Many addicted participants reported current (within past month, n = 15) or past (n = 8) use of marijuana (e.g. 1-2 joints per day). Other self-reported secondary drug use in the addicted group included 3 individuals with current use of benzodiazepines and 7 with current use of methamphetamines; 5 reported past (not current) use of cocaine and 6 reported past (not current) use of amphetamines.
Because secondary drug use was not an exclusion criterion in the addicted group, we also did not exclude control participants based on current or past use of drugs (excluding opioids). 9 control participants reported current (within past month) tobacco use, and an additional 5 reported past (not current) use. Most control participants reported mild alcohol use (e.g., social drinking), although none reported problem drinking or alcohol abuse; additionally two reported current marijuana use (1-2 joints per day), and 9 reported lifetime use. Additionally, seven reported past history of occasional use of (though not addiction to) drugs including amphetamines, cocaine, MDMA and/or LSD. No controls self-reported history of problem use of or addiction to any of these substances.
The study was approved by the Royal Prince Alfred Hospital Ethics Committee and the Ethics Committee at Western Sydney University, New South Wales, Australia. All participants provided written informed consent before the start of testing. Procedures conformed to guidelines established by the Declaration of Helsinki for the protection of human subjects. Participants were reimbursed AUD $20 (about USD $15) for their participation.
Behavioral task 2.2.1. Materials
Antecedent stimuli were taken from a set of four drawings of cartoon characters (man, woman, boy, girl); consequent stimuli were taken from a set of four drawings of food items including two entrees (hamburger, hot dog) and two desserts (pumpkin pie, donut) as shown in Fig. 1A . Images were modified using Adobe Photoshop from drawings provided as public domain clipart under Creative Commons license (CC0 1.0 Universal) at www.openclipart. org.
For each subject, the four characters were randomly assigned to be antecedents A, B, C, and D, and the two entrees were randomly assigned to be consequents X1 and Y1, and the two desserts were randomly assigned to be consequents X2 and Y2. Among the antecedents, the boy and woman had blond hair while the girl and man had brown hair. Thus, each antecedent had three obvious, binary-valued features: age (adult vs. child), gender (male vs. female), and hair color (brown vs. blond). Each antecedent therefore shared exactly one feature with each other antecedent. The antecedents and consequents appeared about 1 in (approx. 2.5 cm)
high on the computer screen. Consequents could appear in either left-right order on the screen.
General procedure
The computer-based task was a modified version of the acquired equivalence task described by Myers and colleagues [15] . Software was presented on a Macintosh laptop, programmed in the SuperCard environment (Solutions Etcetera, Pollock Pines CA). Testing was conducted in a quiet, well-lit room, with the subject able to position his/her seating to achieve a comfortable viewing distance from the computer screen, typically 50-60 cm.
At the start of the training phase, the following instructions appeared on the screen: "In part 1, you will see drawings of four people in a family. They look like this <drawings inserted>. Your job is to learn which food each person likes best. In the beginning, you will have to guess, but try to learn the correct answers. Sometimes, if you guess correctly, you'll win points. Sometimes, if you guess wrong, you'll lose points. Try to make as many points as you can. (We'll start you off with 500 points now.)" The experimenter read these instructions aloud to the participant and then clicked the computer mouse button to begin the training phase.
On each trial, an antecedent (character) appeared with two consequents (food items) as shown in Fig. 2A , and the prompt: "Which food does this person like better?" The participant responded by clicking on one of the food items, which was then circled.
Training phase
The training phase included three stages, each with increasing numbers of trial types, as illustrated in Table 1 . Half of the trial types were reward-based, meaning that correct responses triggered feedback ("Correct!"; Fig. 2B ) and point gain (+10), while incorrect responses triggered no feedback or point gain (Fig. 2C) . The other half of trial types were punishment-based, meaning that incorrect responses triggered feedback ("Incorrect!") and point loss (−10) (Fig. 2D) , while correct responses triggered no feedback or point loss. A running total of points appeared at the bottom right hand corner of the screen.
Since consequents could appear in either left-right ordering, there were 4 trial types in Stage 1, increasing to 8 in Stage 2 and 12 in Stage 3. Each stage consisted of a maximum of five blocks, each block consisting of one instance of each trial type, or terminated early if the participant reached criterion performance of a number of consecutive correct responses equal to one block of trials. Trial order within a block was randomized for each participant. The start of a new stage was not signaled to the participant. Because training stages contain different number of trials for each participant, a simple percent error measure is not appropriate, because two participants could have similar numerators but very different denominators; instead, following convention for this type of acquired equivalence task (e.g. [15, [17] [18] [19] 22, 34, 36 ,37]), we report total errors to criterion on each stage for reward-based and punishment-based antecedents, as well as number of trials to criterion on each stage.
We also report the percent of subjects in each group who reached criterion on each type of trial (reward-based or punishment-based). Subjects who completed Stage 3 in fewer than 60 trials reached criterion on both trial types; however, a subject who did not finish Stage 3 early might still have reached criterion with one trial type (e.g. reward-based trials) if he or she made no errors on the last 6 trials of that type, even if he or she was still making errors on the other trial type.
Testing phase
At the conclusion of Stage 3, the following instructions appeared: "Good! Now, in part 2, you will need to remember what you learned so far. You will NOT be shown the correct answers. At the end of the experiment, the computer will tell you how many times you guessed right."
The testing phase consisted of 48 trials, including three blocks of 16 trial types, including all six pairs from the training phase (that is, retention trials, as they are the same as in prior training phase), plus the two new pairs shown in Table 1 (generalization trials), each with the consequents in each possible left-right ordering. Correct responding on generalization trials was defined as selecting the consequent consistent with acquired equivalence as illustrated in Table 1 : i.e., C → X2 (equivalent to A) and D → Y2 (equivalent to B).
Trial events were the same as in the training phase, except that no corrective feedback or point gain/loss occurred. Trial order within a block was randomized for each participant. Because all subjects received the same number of testing trials, results for the test phase are reported as percent error, for retention and generalization trials with reward-based and punishment-based antecedents. Mixed ANOVA with within-subjects factors of trial type (reward vs. punishment) and training stage, between-subjects factor of group (control vs. addicted), and covariates of age, sex and education, revealed a significant stage x group interaction (F(2,120) = 4.10, p = 0.019); no other effects or interactions approached significance (all p > 0.100 except the within-subjects effect of stage, F(2,120) = 2.67, p = 0.073).
Results
Training phase
To further examine the interaction, post-hoc t-tests were conducted to compare the groups in terms of errors on reward-based and punishment-based trials at each stage, with alpha corrected to 0.05/6=0.008 to protect significance, and Welch's t used where the data violated assumptions of equal variance (Levene's test p < 0.05). In Stage 1, the two groups made equivalent errors on both reward-based (t(56.1) = 0.86, p = 0.413) and punishmentbased (t(52.4) = 2.26, p = 0.028) trials; however on Stage 2, the addicted group made significantly more errors than the control group on punishment-based trials (t(59.3) = 2.80, p = 0.007), although the groups performed equivalently on reward-based trials (t(63) = 1.47, p=0.147). Similarly, in Stage 3, the addicted group made significantly more errors on punishment-based trials (t(34.9) = 4.37, p < 0.001) but the group difference on reward-based trials fell short of corrected significance (t(63) = 2.27, p = 0.026).
As shown in Fig. 3B , there were also within-subjects differences; specifically, although the control group made similar rates of errors to reward-based and punishment-based trials in Stage 1 (Bonferroni-corrected paired t-tests, alpha=0.008, t(31) = 2.45, p=0.020) and Stage 2 (t(31) = 1.40, p=0.173), they made significantly more errors to reward-based than punishment-based trials at Stage 3 (t(31) = 3.91, p<0.001). In contrast, the addicted group performed equivalently on reward-based and punishment-based trials at each training stage (all t < 2.0, all p > 0.050). Fig. 4 shows performance on old (retention) and new (generalization) pairs during the testing phase. First, to examine retention performance, mixed ANOVA was conducted, with within-subjects factor of trial type (reward-based vs. punishment-based) and between-subjects factor of group (control vs. opioid-addicted), and covariates of age, sex, and education. No main effects or interactions approached significance (all p > 0.100). These results did not change if training phase performance (i.e., stage 3 errors) on reward-based and punishment-based trials were added as covariates.
Testing phase
Second, to examine generalization, mixed ANOVA was conducted on performance to the new pairs. Again, there was no effect of group and no interactions (all p > 0.100). Results were similar when training phase performance (i.e., Stage 3 errors) on rewardbased and punishment-based trials were added as covariates.
Discussion
The current study compared performance by a group of opioidaddicted patients on current methadone maintenance, and a group Fig. 3 . Performance on the training phase in terms of (A) mean trials at each training stage, and (B) mean total errors on reward-based and punishment-based trials, across the three stages. Asterisks indicate significant differences between opioid-addicted and control groups (p<0.05 in A, p<0.008 in B). of never-addicted controls, on a novel acquired equivalence task that included separate reward-based and punishment-based learning components. Both groups were comparable at reward-based learning, even as memory load grew across training stages. On punishment-based learning, the control group outperformed the opioid-addicted group at later training stages that included more antecedent-consequent pairs to be learned. On the testing phase, both groups performed equivalently on retention trials involving previously-trained pairs, and also on hippocampal-dependent generalization trials, where subjects were challenged to demonstrate acquired equivalence.
We discuss each of these points further below.
Learning from reward and punishment
In a prior study using a probabilistic reward-and punishmentlearning task, Myers et al. [11] found that opioid-addicted individuals were more prone to show lose-shift behavior after an unexpected negative outcome; one interpretation of that result might be that the addicted patients were simply better at learning to avoid punishment. One aim of the current study was to test that idea, by comparing opioid-addicted and control groups on a deterministic version of the reward-and punishment-learning task, where both rewarding and punishing outcomes are perfectly predictable. As illustrated in Fig. 3B , the opposite effect was obtained: specifically, while the opioid-addicted and control groups were comparable on reward-based learning, the addicted group performed worse than controls on punishment-based learning. This in turn suggests that the increased lose-shift behavior of opioidaddicted participants, previously observed by Myers et al. [11] , did not simply reflect superior learning to adjust responding after negative outcomes, but rather reflected impairment in the ability to "stick with" successful strategies to maximize performance in the face of unexpected negative outcomes during a probabilistic task.
A possible alternative explanation for the current findings is via reinforcement learning (RL) theories. As noted above, RL theories assume that learning is based on a prediction error signal that is used to update the learner's expectations and guide action selection; PE may be encoded by nigrostriatal dopamine [38] ; targets in the ventral striatum then use these signals to update predictions and guide learning [39] . Piray et al. [40] examined patients with Parkinson's disease, a disorder that involves progressive cell loss in the ventral striatum, who had also developed impulse control disorders. When these patients were tested on their normal dopaminergic medication, the patients showed enhanced reward learning, but impaired punishment learning, relative to matched controls. Piray et al. attributed this impaired punishment learning to a dysfunctional critic module (in the patients' ventral striatum) which resulted in underestimation of adverse consequences, impairing the ability to modify responding to avoid those adverse consequences. A similar basis could underlie the poor punishmentbased learning in the addicted patients of the current study. Functional neuroimaging studies could be useful here, to better understand whether individual differences in ventral striatum activity during punishment-based learning contribute to group differences on the task.
An important feature of the current task, as well as of the prior probabilistic reward-and punishment-learning task studied by Myers et al. [11] , is the presence of an ambiguous, no-feedback outcome that can signal either missed opportunity for reward or successful avoidance of punishment. Thus, successful performance on punishment-based trials in the current task involves learning that the no-feedback outcome is reinforcing. It may be that the opioid-addicted individuals have difficulty learning this, particularly in the presence of intermixed reward-based trials where the same no-feedback outcome should be interpreted as a punisher. This possibility should be explored further in future work.
Generalization
A second aim of the current study was to examine the degree to which reward-based and punishment-based learning would generalize. Accordingly, the initial training was followed by a testing phase, which included retention trials to test previouslylearned antecedent-consequent pairs, as well as generalization trials to test acquired equivalence, i.e. the extent to which learning about one antecedent would generalize to another antecedent that had been treated equivalently in the past. Fig. 4A shows that both groups performed equivalently on retention trials involving both reward-based and punishment-based associations. Performance on punishment-based trials was somewhat better than performance on reward-based trials, although this did not reach statistical significance, which is generally consistent with the fact that subjects (particularly control participants) made fewer errors on punishment-based trials during training (Fig. 3B ).
There were no differences between groups on generalization trials (Fig. 4B) . Thus, the current results provide no support for the idea that opioid-addicted individuals generalize differentially than controls when information has been acquired via reward-based vs. punishment-based training. To our knowledge, this is the first study that has examined acquired equivalence in opioid-addicted individuals versus healthy controls. However, the absence of a group difference in generalization is similar to that previously observed in a prior study with long-term cocaine users [34] , who were also impaired at learning but not at generalization. Given the body of prior work implicating the hippocampal region in generalization on acquired equivalence tasks [15, 18, 19, 23] , the current findings do not provide evidence of impaired hippocampal function in the opioid-addicted patients.
However, it should be noted that total generalization errors were near chance levels (50% errors) in both groups. By contrast, prior studies with the computer-based acquired equivalence task have reported much better performance particularly in control groups, with control groups often averaging at or below 10-15% errors on generalization pairs [20, 21, 34] , although one prior study using an Australian sample found error rates of about 31% in healthy elderly subjects [41] . These prior studies did not include separate reward-and punishment-based trials; rather, on each trial the subject received explicit reward (feedback and point gain) for a correct response or explicit punishment (feedback and point loss) for an incorrect response. It is possible that the current task version, with separate reward-based and punishment-based trials, affects generalization. Further work is needed to better understand how different training regimes affect transfer performance on this type of associative learning task.
Limitations and future directions
One limitation of the current study, which considers opioidaddicted patients tested shortly after receiving their daily methadone dose, is that it cannot distinguish between the acute effects of current methadone maintenance treatment or the longterm effects of heroin (and methadone) use; it is also possible that group differences in behavior represent cognitive biases that were present prior to onset of opioid use and possibly conferred risk for exposure to or addiction to opioids. Clearly, this question is difficult if not impossible to disentangle in human studies, since otherwise healthy controls cannot be administered heroin or methadone for experimental purposes; conversely, it would be unethical and potentially medically dangerous to withhold methadone treatment from already-addicted individuals to examine behavioral effects. Even if it were possible, such a manipulation would introduce new confounds in the form of withdrawal symptoms. Given this reality, many other recent studies of cognition and brain function in patients undergoing methadone maintenance treatment have used the same design of comparing patients vs. healthy (never-addicted) controls (e.g. [11, 42, 43] ) -although a few studies have compared methadone-maintenance patients against individuals with opiate addiction not undergoing such treatment, in addition to comparing both patient groups against never-addicted controls (e.g. [44] ). A viable alternative to studies of already-addicted humans would be animal studies, where drug exposure can be randomized and controlled, to decouple the effects of long-term addiction vs. acute drug effects. Computational modeling can also be used to manipulate individual parameters under even tighter control than is possible in animal studies. Such results could provide useful complements to human studies, potentially providing converging evidence from many directions.
Another limitation of the current study is that the control group had significantly higher educational attainment than the patient group, with most control participants having completed at least a high school education, whereas many addicted participants did not. In fact, many other recent studies on drug addiction have also compared addicted patients to control groups with significantly more years of education (e.g., Refs. [11, 43, [45] [46] [47] ), and some studies have even suggested an explicit link between low educational attainment and drug addiction (e.g., Refs. [48] [49] [50] ). At least one prior large-scale longitudinal study has specifically assessed noncompletion of grade 12 (secondary school) in Australia, and shown that polydrug-or alcohol-using adolescents were less likely to complete school than non-drug users [51] . Of course correlation does not allow us to infer causation: low education could promote risk for drug abuse, early exposure to drugs could contribute to low educational attainment, and/or third variables (such as high cognitive ability or childhood socioeconomic status) could increase likelihood of both high educational attainment and lower rates of initiation of drug use and/or higher rates of cessation. Because of the group imbalance, education was included as a covariate in the current analyses, and there was no indication of an effect of education level on any performance measure. However, future studies could attempt to recruit and test a larger group of putatively healthy adults with fewer than 7 years of formal education, or a group of highly-educated individuals with opioid-addiction. In addition, educational attainment is often a marker for general intellectual ability, and future studies could include tests of general cognitive function, rather than simply collecting information about years of education.
Similarly, we relied on subject self-report regarding current and past use of addictive drugs (other than prior heroin use and current methadone use which was confirmed in the patient group). Given the high rates of polydrug use among heroinaddicted individuals, future studies could include urine screening for current drug use including but not limited to heroin, and the same screening could also be conducted in the control group.
Finally, we focused in this study on opioid-addicted individuals who specifically had a history of heroin addiction and who were currently receiving methadone maintenance. Given the large population of individuals addicted to other opioid drugs (e.g. prescription painkillers), it would be of considerable interest to examine the same task in subjects addicted to other opioid drugs, to determine the degree to which the current findings are specific to heroin and/or methadone, or apply more broadly to opioid drugs.
Some of the most important open questions involve the specific ways in which brain substrates of addiction contribute to behavior that supports and maintains opioid use, addiction, and relapse. In addition to pre-existing individual differences in brain structure and function that might confer risk of addiction in individuals who are exposed to opioid drugs, drug exposure itself affects the brain and brain plasticity, altering cognition in ways that may help sustain drug use. Beyond this, therapeutic interventions (including both psychotherapy and pharmacotherapy, as in methadone maintenance treatments) can themselves alter the brain. To this end, some of the most important future directions in addiction research are to better understand the link between brain and behavior. The current study attempts to shed some light by examining behavior of opioid-addicted individuals on tests of learning and generalization that have previously been associated with specific brain substrates known to be implicated in addiction and addiction vulnerability (i.e. ventrostriatal dopamine system for reward-and punishment-based learning, medial temporal system for generalization). However, future studies could use functional imaging (e.g. fMRI) to investigate whether the abnormal learning observed here in opioid addicts reflects abnormal activity in these brain substrates. In fact, a prior functional imaging study in cocaine-addicted individuals found altered activity in the nucleus accumbens during associative learning task performance [52] . To our knowledge, similar studies have not yet been conducted with patients with heroin addiction, and so this remains an important avenue for future work.
